In the mutual fund literature, it is an established fact that investors "chase past performance". However, the opposite impact of flows on performance is widely discussed. Mainly, liquidity costs are held responsible for short-term erosion of performance, while high inflows enhance performance over longer horizons. I investigate this relation for various groups of equity, bond, and money market funds and find significant outperformance in high inflow funds over several months, especially for specific bond fund groups. In addition, I test whether this information can be exploited using simple investment strategies but find that the abnormal returns are too low to offset associated costs.
Introduction and Literature Review
In the field of mutual funds one important strand of research deals with money flows and the relation between investor flows and performance. Within this area there is broad agreement with the fact that investors "chase performance" (e.g., Ivković and Weisbenner [1, 2] ; Fulkerson et al. [3] ; and public media, e.g., Clements [4] ; Gaffen [5] ; Israelsen [6] ), meaning that fund investors reward superior past performance with new money inflows, while inferior performance is punished by money outflows (e.g., Ippolito [7] ). Early studies document a convex, non-linear shape to this relation, showing that good performance leads to high flows of new money while bad performance produces only low outflows (e.g., Chevalier and Ellison [8] ; Sirri and Tufano [9] ; Del Guercio and Tkac [10] ; Shrider [11] ). This asymmetry is often attributed to the existence of uninformed (unsophisticated) OPEN ACCESS investors making irrational investment decisions (e.g., Gruber [12] ), or to the expectation of rational investors that fund firms will replace poorly performing fund managers or at least change their investment strategy to avoid poor performance in future (e.g., Lynch and Musto [13] ). Huang et al. [14] also argue that participation costs (information or search costs + transaction costs) are sometimes cited as the reason for staying with a poorly performing fund.
Newer studies on the performance flow relation find evidence for a more linear relation by using gross money flows instead of net money flows. Among others, Ivković and Weisbenner [1] find that "old money" punishes poor performance as much as it awards good performance, but "new money" flows into both poorly performing and well performing funds, thereby disguising the punishment and amplifying the award on an aggregate net flow level. Similar results are documented in studies by Ivković and Weisbenner [2] , Shrider [11] , Cashman et al. [15, 16] . An important reason for these steady new-money flows to poorly performing funds could be the growing popularity of mutual fund-based savings and retirement plans (e.g., Cohen and Schmidt [17] ; Holden and Van Derhei [18] ; Goda et al. [19] ) which, once chosen, are difficult to change.
On the reverse relation between flow and performance, however, there is less agreement in the literature. Ferson and Schadt [20] find that fund flows affect fund betas and thereby the funds' expected returns. As for the direction, Berk and Green [21] argue from a theoretical point of view that the (rational) allocation of new money to previously well performing funds causes diminishing returns to scale, thereby decreasing subsequent performance. On the other hand, poorly performing funds face money outflows and either enhance performance or disappear, such that in equilibrium all surviving funds earn equal returns.
Liquidity service costs and liquidity trading are the most popular explanations for diseconomies of scale caused by fund flows (e.g., Green and Hodges [22] ; Coval and Stafford [23] ; Edelen et al. [24] ; Benson et al. [25] ). Besides offering a widely diversified portfolio at a reasonable cost, mutual funds provide a high level of liquidity to shareholders who can buy and sell at the fair net asset value on a daily basis (e.g., Gruber [12] ; Edelen [26] ). This liquidity service is costly to fund investors, as a fund facing high money inflows might trigger a price impact and therefore have to buy new assets above fundamental value (e.g., Coval and Stafford [23] ). This is pronounced for large funds or funds investing in illiquid markets (e.g., Chen et al. [27] ; Pollet and Wilson [28] ). On the other hand, a fund facing high money outflows is also likely to cause a price impact and may have to sell assets below fundamental value. Interestingly, Coval and Stafford [23] find price impact by liquidity trading ("asset fire sales and purchases") even in the most liquid of asset markets. In addition, Warther [29] , Edelen and Warner [30] , and Bhargava and Konku [31] report significant price pressure and price changes in the equity market caused by high aggregate flows to the mutual fund market.
Edelen [26] even finds that it is predominantly due to liquidity service costs that mutual funds usually underperform their benchmarks. Adjusting for liquidity-motivated trading, he finds significant levels of skill among mutual fund managers. Further confirmation of these results is reported in related studies by, e.g., Alexander et al. [32] , who analyze returns to trading on information vs. returns to trading on flows. They find significant outperformance for the former and significant underperformance for the latter. Pollet and Wilson [28] analyze the different strategies reacting to growth, specifically scaling vs. diversification. They find that funds reacting to growth by simply scaling their existing holdings significantly underperform funds that diversify, especially in more illiquid markets such as small-cap equity.
In recent studies, e.g., Rakowski and Wang [33] , Rakowski [34] , Benson et al. [25] , and Rohleder et al. [35] find that the dynamics in fund flows, high flow volatility and unexpected flows significantly erode fund returns, as these variables cause the fund to perform more liquidity-motivated trades or to hold larger positions of cash as an alternative. However, both Rakowski and Wang [33] and Benson et al. [25] find that price pressure through liquidity trading primarily affects fund returns in the short run. For the long-term, both studies document a positive effect of fund flows on mutual fund returns.
Regardless of its nature, there might be some information content in past mutual fund flows relevant to future returns. In this context, using portfolio holdings, Grinblatt and Titman [36, 37] show that mutual fund managers often incorporate momentum in their investment decisions. Thus, if they use new money inflows to purchase past winners, then this might translate into higher fund returns going forward. However, to my best knowledge, there is no study analyzing the relation between flows and performance for a wide variety of different equity, bond, and money market fund groups. In addition, I am aware of no study systematically testing simple investment strategies for exploiting the information content in past fund flows in order to earn abnormal returns, so-called "flow chasing".
In this empirical study I therefore first examine whether there is a significant relation between fund size and performance, specifically economies or diseconomies of scale. Then, I briefly analyze performance persistence or "hot hands" in mutual funds (e.g., Hendricks et al. [38] ), because if investors chase past performance, this can only be beneficial if past performance is persistent. After this, I assess whether there is a systematic relation between past flows and future performance for different objectives of equity, bond, and money market funds before testing simple investment strategies based upon this information against uninformed strategies.
I find larger funds to significantly outperform smaller ones, especially among bond and money market funds. In addition, I find significant short-term performance persistence as well as significant performance persistence over longer horizons for money market funds. As for the flow-performance relation, I find high-flow funds significantly outperform low-flow funds over one month, and also find significant outperformance of high-flow funds over longer horizons for bond funds. However, there is no advantage to be gained in using simple investment strategies based upon this information, as the abnormal returns earned by the strategies are eaten up by the high associated costs.
The remainder of this paper is organized as follows. Section 2 describes the methods used in the empirical study. Section 3 describes the data and reports summary statistics and performance. Section 4 presents the results from the empirical study as well as interpreting remarks. Section 5 concludes.
Methodology

Portfolio Construction
For summary statistics on performance and fund characteristics of different fund groups I construct fund portfolios, or "funds of funds" (Cornell and Green [39] ), rather than using individual funds. This is advantageous as it allows the use of data on all funds, regardless of the time series length. In addition, it allows the use of beginning-of-month fund size, represented by the fund's total net assets (TNA), directly as weighting factors. The time series also have the same length and cover the same time period, so that market climate bias is of no importance (e.g., Krimm et al. [40] ; Breloer and Scholz, [41] ).
To assess the impact of fund flows on the performance of different fund groups, I use monthly rebalanced decile-portfolios (e.g., Chen et al. [27] ). These are constructed by a monthly ranking of all funds currently existing by their lagged fund flows and value weighting the returns of all funds allocated to a certain portfolio by their beginning-of-month TNA. I follow a similar approach when constructing decile portfolios based upon lagged TNA ranks and on lagged return ranks, respectively.
Note that monthly rebalancing upon lagged fund characteristics might cause look-ahead bias (e.g., ter Horst et al. [42, 43] ) because funds have to have existed in the past months to be ranked and to be considered for evaluation. Depending on the length of the time lag between ranking period and evaluation period, this means that especially new funds are excluded automatically in their first months or years of existence. However, as new funds are in general very small (e.g., Rohleder et al. [44, 45] ) and might show incubation bias (e.g., Evans [46] ) or ambiguous flows through fast relative growth (e.g., Rakowski [34] ) I consider this to be an advantage rather than a problem.
Performance Measures
In my empirical analysis, I use two different types of performance measures. First, I use the mean excess return (MER) which is represented by
where rpt is the return on fund p in month t in excess of the risk-free rate of return (1-month US T-bill rate). This one-dimensional measure does not account for the risk associated with the realized return. Therefore, I also use multi-factor-models following, e.g., Carhart [47] and Blake et al. [48] to assess the risk-adjusted performance of the respective fund portfolios. These models are represented by
where fjt is either the excess return of a long-only benchmark index or the zero-investment return of a long-short factor portfolio j in month t, βpj is the coefficient of portfolio p regarding factor j, and εpt is a normally distributed residual term with zero mean, idiosyncratic to portfolio p in month t. The average risk-adjusted excess return is measured by the intercept αp (alpha).
For the different fund groups in my analysis I use different sets of factors as explanatory variables. To equity funds I apply the Carhart [47] four-factor-model containing the excess return on a broad US equity market index (Jensen [49] ) as well as the risk factor SMB to capture the small-stock effect, HML to capture the value-vs. growth-stock effect (Fama and French [50] ), and MOM to capture the momentum effect in stock returns (Jegadeesh and Titman [51] ; Carhart [47] ).
To bond funds I apply the MIM-Risk model from Rohleder et al. [45] , containing the returns on five indices representing government bonds (BarCap US Aggregate Government), corporate bonds (BarCap US Corporate Investment Grade), mortgage backed bonds (BarCap US Mortgage Backed), municipal bonds (BarCap US Municipal), and high yield bonds (BarCap US High Yield Composite).
For money market funds. I use four factors representing the return to a broad US bond market index (BarCap US Aggregate Bond) as well as the 1-month, 3-month, and 6-month US Treasury bill rates. Table 1 shows the relevant correlations between these factors/indices. This table shows correlations between factors and indices for multi-factor models measuring the risk-adjusted performance of equity, bond, and money market funds. Correlation coefficients are denoted in %. "Mkt − Rf" denotes the equity market excess return, "Corp"
abbreviates corporate bonds, "Muni" abbreviates municipal bonds, "HY" abbreviates high yield bonds, "MBS" abbreviates mortgage backed securities and, e. g., "1-m. T-bill" stands for 1-month Treasury bill. 2 From these, I delete funds without TNA or available return data. In addition, I fill in missing values in the TNA time series of the remaining funds with the three-step procedure from Rohleder et al. [44] . I aggregate multiple-share class funds using CRSP portfolio codes and manual matching by value-weighting returns, loads, and expense ratios, accumulating TNA, and using the oldest share class to determine the funds age. Lastly, I delete those funds with a gap larger or equal to 36 months between first-offer date and first return observation (Rohleder et al. [45] ). In total, my dataset contains 8100 mutual funds, of which 4861 are equity funds, 2141 are bond funds, and 1098 are money market funds. Bond funds are further subdivided into "corporate", "government", "mortgage-backed", non-single-state "municipal", and "general" bond funds. Equity funds are split up into "aggressive growth", "growth", "growth/income", "mid-cap" and "small-cap" funds where I classify, e.g., "small-cap growth funds" as small cap rather than as growth because I consider it the more selective classification with respect to liquidity costs (e.g., Chen et al. [27] ; Pollet and Wilson [28] ).
Data
Data Selection and Pre-Processing
For these funds I calculate monthly absolute (relative) fund flows following Brown and Goetzmann [52] as the difference between end-of-month and beginning-of-month TNA, adjusted by the monthly return over the same month (divided by the beginning-of-month TNA). This definition of relative flows represents the net internal growth of the fund under the assumption that all dividends and other distributions are reinvested (e.g., Berk and Tonks [53] ). In addition, it defines relative flows under the assumption that all flows occur at the end of the month. 3 To avoid biases through extreme relative flows-for example from very small but fast growing new funds-I winsorize relative flows to a maximum of 100%. This way, the respective observation is still in the sample and still indicates a high inflow. Fund flow measures are thus given by Table 2 shows summary statistics (Panel A) and performance measures (Panel B) for the funds grouped by their investment objectives in the period from January 1993 through December 2009. In terms of numbers, equity funds are the largest fund group with more than twice as many funds as the bond group and more than four times as many funds as the money market group. In terms of fund size, money market funds are the largest and bond funds are the smallest, so that equity and money market funds show more or less equal total volume in December 2009 while the total volume of all bond funds is smaller. Among bond and equity funds, growth funds are the largest followed by growth/income funds and mortgage-backed bond funds.
Summary Statistics
In terms of age, money market funds are the oldest followed by bond funds and equity funds. In terms of the expense ratio, equity funds are on average more expensive than bond funds. The "cheapest" funds are money market funds. The most expensive fund asset classes are aggressive growth funds with an expense ratio of 1.65% p.a. and general bond funds with 1.33% p.a. Mortgagebacked and municipal bond funds show the lowest expense ratio among bond funds. Among equity funds, growth/income funds are the cheapest. Value-weighted expense ratios are consistently smaller than equal-weighted expense ratios. This suggests that larger funds are cheaper due to economies of scale. The relation is even more pronounced for equity funds. 3 Berk and Tonks [53] define relative flows under the assumption that fund flows occur at the beginning of the month. As in reality fund flows will be spread throughout the month, both assumptions are equally inferior estimates. I believe my assumption is reasonable in the light of the well-documented chasing behavior of investors (e.g., Ivković Money market funds show the highest absolute flows but-due to their size-relatively low relative flows. Equity funds show higher absolute and relative flows than bond funds. Mortgage-backed bond funds even show negative absolute flows during the sample period and very low but positive relative flows. This indicates that large funds average high absolute but low relative outflows, while small funds usually have low absolute but high relative inflows. 4 General bond funds have the highest flows among bond funds. Among equity funds absolute and relative flows are more or less evenly distributed. Panel B shows performance measures for equal-weighted and value-weighted fund portfolios.
In terms of the risk-unadjusted MER, equity funds show higher performance than bond funds while money market funds even show significant and negative MER. The value-weighted portfolios outperform their equal-weighted counterparts, meaning that larger funds earn higher returns, on average, than smaller funds. As an exception, smaller small-cap funds usually seem to outperform larger small-cap funds because here the equal-weighted portfolio has the higher MER.
In terms of the risk-adjusted multi-factor alphas, the relation is the other way around. Here, the measures for all fund groups are negative, in most cases significantly, except for money market funds, where I find positive, if insignificant, performance. However, the R 2 statistics {in curly brackets} for bond funds and equity funds are above 90% for almost all fund groups while they are 33% and 24% for equal-weighted and value-weighted money market funds, respectively, so that one cannot directly compare these alphas. In addition, equal-weighted bond funds show higher alphas than equal-weighted equity funds, while value-weighted aggressive growth and small cap funds show the highest performance among bond and equity funds. Apart from this, the other value-weighted equity fund groups underperform all bond funds groups. Again, value-weighted portfolios outperform equalweighted portfolios in most cases except growth/income and mid-cap funds. Among bond funds, I expect mortgage-backed bond funds to play a special role as these show negative flows and are comparatively large. In addition, general and corporate bond funds show very high flows compared to other bond funds. Most equity fund groups show similar relative flows except for mid-cap funds, which might play a special role. Despite money market funds showing very high absolute inflows, I do not expect to find significant results because return and return variability are very low.
Empirical Analysis
The Size-Performance Relation
Fund flows are strongly related to fund size. Therefore, in Table 3 I report the performance as well as absolute and relative flows for value-weighted deciles ranked by TNA lagged one month and grouped into bond funds, equity funds, and money market funds (e.g., Chen et al. [27] ). 5 In addition, the table shows performance differences between the smallest (decile 1) and the largest funds (decile 10), 4 Consider two funds A and B. A has an absolute flow of −2 (outflow), whereas B has an absolute flow of +1 (inflow). The average absolute flow is −1. Now consider A's size was 20 before the flow, so the relative flow is −10%. B's size was 8, so the relative flow is +12.5%. Average relative flow is +2.5%.
between the smallest 30% and the largest 30%, where, e.g., the smallest 30% is an equal-weighted portfolio of deciles 1, 2, and 3, and between the middle 40% and the outer 60%. In terms of fund flows, the table shows very clear relations throughout all fund groups. For relative flows, small funds experience the highest inflows, whereas the largest funds have the lowest inflows. For absolute flows it is the other way round, as here the smallest funds have the lowest inflows and the largest funds have the highest inflows. Not reported in the table due to space limitations, these relations are monotonic throughout all deciles. I find the highest relative inflows for the smallest equity funds, and the highest absolute inflows for the largest bond funds, closely followed by the largest money market funds.
As to size-decile performance, the table shows different relations, depending on the fund group. In the case of bond funds, smaller funds underperform larger funds, measured significantly by MER. The same holds for money market funds, where I find significant performance differences for both performance measures. The alpha of decile 10 is even positive, if insignificant. These results clearly show a positive correlation between fund size and performance. For equity funds the table reports mixed results, as here the largest 10% outperforms the smallest 10%, though it is the reverse for the 30% portfolios. 54] This table shows performance measures and performance differences as well as fund flows for decile portfolios ranked by beginning-of-month TNA. MER and alpha are denoted in % p.m. *, **, *** indicates statistical significance on the 1%, 5%, and 10% level based upon HAC-consistent covariances (Newey and West [54] ). Relative flows are denoted in % p.m. Absolute flows are reported in square brackets and denoted in Mio US$ p.m. The table shows performance differences between the largest (decile 10) and the smallest funds (decile 1), between the larger 30% and the smaller 30% where, e.g., "smaller 30%" is an equalweighted portfolio of deciles 1, 2, and 3, and between the middle 40% and the outer 60%. Due to space limitations the table only shows performance measures and flows on the largest and the smallest deciles. Measures for all other deciles are available on request.
These results clearly show that fund flows are generally and consistently related to fund size, positively with absolute flows and negatively with relative flows. In addition, performance is positively related to size for bond funds and money market funds. For equity funds the relationship is not as strong but existent in the extreme portfolios. Therefore, I expect fund returns to be related to fund flows, especially for specific bond fund objectives.
Performance Persistence
Another issue in the relation between fund flows and future returns is performance persistence. It is clearly established that flows chase performance such that in periods following superior returns fund flows should be high and in periods following inferior returns fund flows should be low, if not negative (e.g., Ippolito [7] ; Ivković and Weisbenner [2] ). This is only beneficial if performance persists (e.g., Hendriks et al. [38] ; Brown and Goetzmann [52] ; Carhart [47] ). Table 4 gives a first indication of the validity of this relation by showing correlation coefficients between fund portfolio returns and future flows. For bond funds and equity funds, the table clearly confirms the relation as future absolute and relative flows are positively correlated with returns while correlation coefficients decrease with increasing time lag. The table shows unexpected relations for money market funds. While absolute flows leading 1, 2, (and 3) months are positively correlated as expected, relative flows and absolute flows leading by more than 3 months are highly negatively correlated-meaning that superior returns are followed by relative outflows rather than by increased inflows. However, as money market funds have very low returns on average, with very low return variability, these correlations might not be too meaningful. This table shows correlation coefficients between equal-weighted and value-weighted fund portfolio returns and future absolute and relative fund flows to the same portfolios in the period from January 1993 through December 2009 for bond funds, equity funds, and money market funds. "m" stands for "month" so that (t + 1m) represents future fund flows leading by 1 month, (t + 2m) by 2 months, etc. Correlation coefficients are denoted in %.
Following the liquidity cost argument from the literature (e.g., Edelen [26] ; Rakowski [34] ), high fund flows should erode fund returns because funds are likely to face problems in allocating their new money advantageously. This means that, if flows follow superior performance which Table 4 confirms for bond funds and equity funds, there should be no performance persistence. However, for money market funds, where correlations in Table 4 are low or negative, I expect to find at least some evidence for performance persistence. To test for performance persistence Table 5 shows performance measures and flows for decile portfolios ranked by past returns as well as performance differences between the deciles, or zero-investment portfolios based upon the deciles, respectively. 6 Panel A shows results for deciles ranked by returns lagged one month (t − 1m). In the lower part the table, negative flows follow low performance and positive flows follow high performance, as expected. Note that this way of testing performance persistence potentially suffers from survivorship bias or look-ahead bias because inferiorly performing funds might disappear between the ranking period and the evaluation period causing positive selection (e.g., ter Horst et al. [42, 43] ). However, this is mostly a problem for longer time lags; thus that finding significant performance persistence over longer horizons should be treated with caution. This table shows performance and fund flows of decile portfolios ranked by lagged monthly return (Panels I-VI). MER and alpha are denoted in % p.m. *, **, *** indicates statistical significance on the 1%, 5%, and 10% level based upon HAC-consistent covariances (Newey and West [54] ). Relative flows are denoted in % p.m. Absolute flows are reported in square brackets and denoted in Mio US$ p.m. The table shows performance differences between the highest and the lowest performance deciles, between the higher 30% and the lower 30% where, e.g., "lower 30%" is an equal-weighted portfolio of deciles 1, 2, and 3, and between the middle 40% and the outer 60%. Due to space limitations the table only shows performance measures and flows for the highest and the lowest return deciles. Measures for all other deciles are available on request.
Concerning performance, Panel A shows a clear performance persistence structure, with decile 1 shows the lowest performance, and decile 10 the highest. In addition, I find a positive and significant performance by decile 10, even on a risk-adjusted basis, as well as significant and positive returns to both zero-investment "highest − lowest" and "higher 30% − lower 30%" portfolios for all three fund groups. This is in line with the short-term persistence findings by, among others, Bollen and Busse [55] .
Panel B of Table 5 shows results for deciles ranked by returns lagged two months (t − 2m). Consistent with Table 4 , decile 1 experiences outflows while decile 10 experiences inflows for all the fund groups. As for performance, I find significant and positive returns for the zero-investment portfolios as well as positive and significant performance in decile 10 only for money market funds. Consistent with Berk and Green [21] , this is not the case for bond funds and equity funds. Panels C and D show results for deciles ranked by returns lagged three and four months, respectively. In the lower part, flows show the same structure as in the panels before. As to performance, I find clear evidence for significantly persistent money market fund performance with significantly positive alphas for decile 10 . Surprisingly, I also find significant and positive performance persistence for bond funds. For equity funds, neither panels shows any evidence of performance persistence. Panels E and F show results for deciles ranked by returns lagged five and six months, respectively. Especially in Panel F the table shows positive flows also for decile 1 of bond funds and money market funds. Concerning performance persistence, I find evidence for significant and positive returns to the zero-investment portfolios and positive performance for decile 10 for money market funds. Notably, the performance of the zero-investment portfolios is more or less constant over all six panels. For equity funds, Panel E shows a significant performance reversal on a risk-adjusted basis, but no significant results for bond funds. Panel F shows no noteworthy results for equity or bond funds.
From this, I expect to find significant relations between past flows and future returns for bond funds but not for equity funds in the next section, especially for short horizons. Even though money market funds show significant performance persistence, the correlations with past flows are very low or even negative (Table 4) . Thus, I do not expect significant results for money market funds.
The Flow-Performance Relation
In previous sections I show that there are positive correlations between fund returns and future fund flows, confirming that investors partly ground investment decisions upon past returns. In addition, I show performance persistence in bond fund and money market fund performance. As a consequence, I expect fund flows to have at least some information content relevant to future returns. Such findings would be consistent with mutual fund managers using inflows to buy past winner funds (momentum) which in turn causes fund returns to persist over the short horizons (Grinblatt and Titman [36, 37] ). To test for the validity of this expectation, Table 6 shows the performance of decile portfolios ranked by past relative flows as well as performance differences between the highest and the lowest deciles, between the higher 30% and the lower 30%, and between the middle 40% and the outer 60%. 7 Panel A of Table 6 shows results of flow-deciles ranked by relative flows lagged one month. As a first finding, all fund groups show positive "highest -lowest" and "higher 30% − lower 30%" differences, respectively, showing that funds with high past flows outperform funds with low past flows. This is particularly pronounced for bond funds, where most results are statistically significant except for government bond funds. Money market funds show significant but very small outperformance of high past flow deciles for MER but not for alpha. As for equity funds, only small-cap funds show statistically significant differences, while all other groups are insignificant. This pattern in small-cap equity funds could be related to particularly strong momentum patterns of small stocks documented by, e.g., Fama and French [56] . 8 7 Due to space limitations the table only shows performance measures for the extreme deciles. 8 Among others, Avramov and Chordia [57] have shown that the "traditional" return momentum factor by Carhart [47] does not capture all momentum. Therefore, e.g., Huehn and Scholz [58] introduce other sorts of momentum, such as factor-related momentum and idiosyncratic (alpha) momentum. between the higher 30% and the lower 30% where, e.g., "lower 30%" is an equal-weighted portfolio of deciles 1, 2, and 3, and between the middle 40% and the outer 60%. Due to space limitations the table only
shows performance measures for the extreme deciles. Measures for all other deciles are available on request.
Interestingly, Panel A shows significant outperformance by the outer deciles over the middle deciles of mid-cap funds, which is in sharp contrast to the hypothesis that extreme inflows or outflows force managers to invest or disinvest inefficiently, respectively, while moderate flows allow optimal investment decisions. Evidence in favor of this hypothesis is shown for municipal bond funds.
Panel B shows results for flow-deciles ranked by relative flow lagged two months. Here, the evidence in general weakens, as can be expected, but still I find significant outperformance of high past flow deciles over low past flow deciles for mortgage-backed and general bond funds. In addition, I find significant outperformance of middle deciles over outer deciles for municipal bond funds and for growth funds. But in general, there is no relevant information content regarding equity fund returns or money market fund returns.
Panels C and D show results for flow-deciles ranked by relative flow lagged three and four months, respectively. Again, I find significant outperformance for high past flow mortgage-backed and general bond funds. In addition, I find evidence for outperformance of high past flow corporate bond funds. For growth funds, I find outperformance of the middle deciles over the outer deciles in both panels, whereas I find a significant relation only in Panel C for municipal bond funds. Panels E and F show results for flow-deciles ranked by relative flows lagged five and six months, respectively, but results show no systematic relationship and only weak evidence for outperformance of high past flow mortgagebacked bond funds.
In a similar fashion Table 6A reports performance and performance differences of deciles ranked by past absolute fund flows. For flows lagged one month, Panel A shows significant outperformance of high past flow deciles for mortgage-backed, municipal and general bond funds, as well as for growth funds and money market funds. Panel B, which reports results for deciles ranked by absolute flows lagged two months, shows significant outperformance of high past flow deciles for mortgage-backed and general bond funds, but no significant results for equity or money market funds. The remaining panels for deciles ranked by absolute flows lagged more than two months show most unsystematic results with the exception of significant outperformance of high past flow corporate bond funds in Panel D. As the absolute flow results are similar in direction but weaker in significance than the relative flow results, I do not present Table 6a here, but it is available on request.
From these results I conclude that there is significant information about future returns in the flows to at least some fund groups. Especially high inflow mortgage-backed bond funds and general bond funds show significant outperformance. In addition, corporate bond fund flows provide some information. As for equity funds the information content is weak.
"Flow Chasing" Investment Strategies
In this section, I test whether the information content in fund flows regarding future returns can be exploited using simple investment algorithms. To do so, I compare the returns for four different strategies, two of which are uninformed and two that are informed. One strategy rebalances monthly the full sample of a respective fund group, one buys and holds the funds existing in a specific fund group at the beginning of the sample period ("initial funds", e.g., Rohleder et al. [44] ), and two invest according to past flow ranking information. All of these strategies account for front-end and rear-end loads charged for rebalancing transactions.
Of the flow-decile-based algorithms, strategy three initially invests in flow-decile 10 (highest past flows) and replaces monthly the funds that have migrated to deciles lower than 8, so that after a warm-up period there are stable weights of deciles 8, 9, and 10 in the portfolio as well as a constant monthly turnover ratio. Strategy four replaces funds that have migrated to deciles lower than 8 only every second month in order to reduce load payments. In this way, again after a warm-up period, there are alternating but bi-monthly constant weights between all deciles in one month, or between deciles 8, 9, and 10 in the other month, respectively, as well as a bi-monthly constant turnover ratio.
For both strategies, I calculate the portfolio weights and the turnover ratios from the empirical monthly and bi-monthly migration matrices. As an example, Table 7 shows the migration rates between relativeflow deciles for all small-cap equity funds. Variances and standard deviations are calculated using the empirical covariances between the flow-decile returns and the portfolios weights of the strategies. An illustration of the strategies and the covariance matrix of small-cap funds is given in the Appendix. Table 8 shows average loads per transaction and returns for the four investment strategies in the period from January 1993 through December 2009. Regarding the loads, bond funds charge lower loads on average than equity funds. Money market funds charge almost no loads. Front-end loads are distinctly higher than rear-end loads. The average front-end load for bond and equity funds range from 0.8634% of the amount invested for government bond funds to 1.3868% for aggressive growth funds. This table shows average loads, mean excess returns (MER) for four investment strategies, and the turnover ratios of these investment strategies for different fund groups in the period from January 1993 through December 2009. Average loads are denoted in % of invested money amount per transaction. Round trip represents the load associated with substituting a fund from the portfolio with another fund. All return measures are denoted in % p.m. Turnover ratios are denoted in % per month (*) or in % per two months (**), respectively. "MER − Loads" are calculated as MER minus (monthly turnover ratio * round trip load). Strategy 1 rebalances monthly the returns of all funds available ( + the turnover ratio only accounts for buying the newborn funds but ignores rebalancing within the portfolio). Strategy 2 buys all funds initially existing in January 1993 and holds these through December 2009. Strategy 3 substitutes monthly all funds that have migrated to flow-deciles lower than 8 by funds ranked in decile 10. Strategy 4 rebalances bi-monthly the funds that have migrated to flow-deciles lower than 8 by funds ranked in decile 10. "St. dev." is the standard deviation, "MER" is the mean excess return.
The table shows a very clear picture of the investment strategies. Compared to the uninformed strategies, both flow-decile-based strategies show superior-or abnormal-returns before loads are accounted for. At the same time, the standard deviations do not change significantly, so that these strategies earn higher returns facing the same risk as the uninformed strategies. However, after loads are accounted for the table shows underperformance of the investment algorithms indicating that the abnormal returns are over-compensated by the associated loads charges.
It is, therefore, not possible to exploit the information content in lagged flows via these simple investment strategies. Of the two uninformed strategies neither is superior to the other. Strategy 1 yields the highest return for MBS, general bond, mid-cap, and small-cap funds. Strategy 2 shows the highest return for corporate, government, and municipal bond funds as well as for aggressive growth, growth, and growth/income funds.
Noteworthy is the fact that the highest abnormal returns from investing on past flow information are shown for small-cap and mid-cap funds. This is because, first, the flow-decile results in Table 6 are less significant for these fund groups than for bond funds and, second, because from a theoretical point of view funds investing in small-cap or mid cap-funds based upon past-flow data should not do well because these are considered to be less liquid than other equity funds.
Conclusions
In the mutual fund literature, the relationship between flows and performance is a widely discussed topic. There is a consensus that investors chase past performance, but the opposite direction is not as clear. I, therefore, investigate the relationship between past flows and future performance for a variety of bond, equity, and money market funds, as well as examine related economic issues like performance persistence and the size-performance relationship. I find clear evidence for economies of scale in the mutual fund industry, especially for bond and money market funds, but also to a lesser extent for equity funds. Moreover, I find short-term persistence for all fund groups as well as performance persistence over several months for money market funds.
Overall, these results lead to the conclusion that funds with high past inflow significantly outperform funds with low past inflow. This is especially true for mortgage-backed and general bond funds over several months. For equity funds, however I do not find significant results over more than one month. Based on this information, I used simple investment algorithms and find abnormal returns to these strategies for all fund groups, where the highest abnormal returns are possible for mid-cap and small-cap equity funds, as well as for general and corporate bond funds. At the same time, the standard deviations remain more or less unchanged. However, when Account for the load charges associated with these algorithms, the abnormal returns are so eaten up that simple informed investment strategies underperform uninformed strategies.
As a policy implication, I must advise against "Flow Chasing" as an investment strategy. My empirical results show that there is some informational content in past flows that are relevant to the future performance of funds. However, this is not sufficient to offset the transaction costs associated with "chasing" and acting on this information. This table shows the warm-up phase (<t0) of strategy 1 as well as the constant (bold) portfolio weights, portfolio return and turnover ratio in and after t0 for small-cap funds. Returns are denoted in % p.m., weights are denoted in %, and turnover is denoted in % p.m.
The variance in the strategy portfolio is calculated using the empirical covariances between the flow-decile returns and the portfolio weights shown in Table A2 . D1  D2  D3  D4  D5  D6  D7  D8  D9 Investment strategy 4 is based on substituting only every second month the funds that have migrated to deciles lower than 8 with funds ranked in flow-decile 10, as demonstrated in Table A3 . This table shows the warm-up phase (< t0) of strategy 2 as well as the constant (bold) portfolio weights, portfolio return and turnover ratio in and after t0 for small-cap funds. Returns are denoted in % p.m., weights are denoted in %, and turnover is denoted in % per 2 months.
